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A B S T R A C T

Purpose: The variome of the Turkish (TK) population, a population with a considerable history
of admixture and consanguinity, has not been deeply investigated for insights on the genomic
architecture of disease.
Methods: We generated and analyzed a database of variants derived from exome sequencing
data of 773 TK unrelated, clinically affected individuals with various suspected Mendelian
disease traits and 643 unaffected relatives.
Results: Using uniform manifold approximation and projection, we showed that the TK genomes
are more similar to those of Europeans and consist of 2 main subpopulations: clusters 1 and 2 (N=
235 and 1181, respectively), which differ in admixture proportion and variome (https://
turkishvariomedb.shinyapps.io/tvdb/). Furthermore, the higher inbreeding coefficient values
observed in the TK affected compared with unaffected individuals correlated with a larger median
span of long-sized (>2.64 Mb) runs of homozygosity (ROH) regions (P value = 2.09e-18). We
show that long-sized ROHs are more likely to be formed on recently configured haplotypes
enriched for rare homozygous deleterious variants in the TK affected compared with TK
unaffected individuals (P value = 3.35e-11). Analysis of genotype-phenotype correlations
reveals that genes with rare homozygous deleterious variants in long-sized ROHs provide the
most comprehensive set of molecular diagnoses for the observed disease traits with a systematic
quantitative analysis of Human Phenotype Ontology terms.
Conclusion: Our findings support the notion that novel rare variants on newly configured
haplotypes arising within the recent past generations of a family or clan contribute significantly
to recessive disease traits in the TK population.
© 2024 The Authors. Published by Elsevier Inc. on behalf of American College of Medical
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Introduction

Population genetics has been applied for many decades as a
means to uncover loci that contribute to human disease by
the genome-wide analyses of single-nucleotide variation
(SNV, formerly SNP). These SNVs are common variants,
frequently shared among geographically distinct pop-
ulations, and enable a fine-scale mapping of recombination
to yield potential disease-contributing loci. This genome-
wide association study approach has been applied largely
to the study of common, complex conditions for which
many have hypothesized that a combination of common
variants each with small effect size can influence genetic
susceptibility to disease expression.1,2

More recent studies, however, have uncovered a rare
variant contribution to some apparently complex conditions
(ie, chronic kidney disease, scoliosis, arthrogryposis,
developmental delay, and intellectual disability), suggesting
that a substantial proportion of seemingly common, com-
plex conditions may represent, in fact, a combination of
individually rare, Mendelian disease traits.3-7

The role of ultra-rare variants in recessively inherited
conditions has been less studied, although novel variants
contributing to recessive disease have been reported in non-
European origin population-specific cohorts.8-10 To inves-
tigate comprehensively the role of new variants in rare
recessive disease traits, we created a population-specific rare
disease cohort and rare variant database against which to
measure population-based frequencies in the context of
population genetic substructure.

The transmission of traits, genes, and variant alleles from
one generation to the next may result in identity-by-descent
(IBD) at a locus in a population characterized by consan-
guinity or a founder effect due to a historical population
bottleneck or geographic isolation. Experimentally, evi-
dence for IBD in an individual genome is suggested by the
presence of runs of homozygosity (ROH) not accompanied
by copy-number variation; ie, copy-number-neutral gene
dosage at a locus. Analysis of ROH regions in an individual
genome can be used to prioritize potential pathogenic var-
iations at a gene locus and may unveil possible genetic
susceptibility to underlying disease.11-13

The inter-individual variation in ROH number and total
length has also been shown to contribute to the genetic ar-
chitecture of complex traits and rare diseases.14-17 There-
fore, analysis of ROH regions can be an adjuvant analytical
tool to address the genetic architecture of disease. For
instance, homozygosity mapping has been a robust genetic
approach for the identification of biallelic variants causing
autosomal recessive disease traits. For the identified “dis-
ease gene,” the locus resides in ROH blocks shared among
affected individuals.18-23 This approach was used success-
fully to map disease genes in consanguineous families with
heterogeneous neurological disorders,24 multisystem disor-
ders,25,26 and inborn errors of metabolism.8-10 Furthermore,
analysis of rare homozygous deleterious variants in ROH
regions can elucidate the genetic heterogeneity and the
molecular mechanisms underlying Mendelian traits due to
either the contribution of multi-locus variation or oligo-
genic/polygenic recessive effects3,7,27-33 and even provide a
molecular genetic explanation for trait penetrance, vari-
ability of expression of disease,34 and evidence for potential
modifying gene loci.35-37

Both the frequency and the degree of relatedness for
consanguineous marriages within populations vary in
different geographic regions and countries around the globe;
the highest documented frequency, 60% to 76%38 of unions,
is recorded in Pakistan. Although consanguineous families
facilitate genetic locus mapping and disease gene discovery,
many populations with a relatively high coefficient of con-
sanguinity, such as the Turkish (TK) population,39,40 have
not been investigated deeply. The population genetics of
Turkey present peculiar features compared with other
Middle East countries. Besides having a high reported rate
of consanguinity, 20.1%,41 Turkey also is described often as
both a geographic and a social “bridge” between Asia and
Europe, an important hub of both ancient and contemporary
population migration. Population substructure studies in the
TK population potentially can provide insights about the
effects of high admixture and a relatively increased rate of
consanguinity to impact the genomic architecture of disease.

To investigate the influences of both admixture and
consanguinity on population genetic variation and the ge-
netic architecture of disease, we studied a sizeable TK
cohort (1416 personal genomes) with a considerable amount
of consanguinity and admixture. We performed exome
sequencing (ES) and family-based genomic analysis on
1416 TK individuals consisting of 773 unrelated clinically
affected individuals with a wide variety of suspected Men-
delian disease traits and 643 unaffected relatives. We per-
formed an unbiased exome variant analysis that would
enable a rare variant family-based genomics approach to
elucidate the molecular etiology and define gene loci
potentially contributing to their clinically observed disease
traits. We further carried out systematic genomic and
phenotypic analysis of this population, by genomic variant
detection and with a structured ontology of human pheno-
type ontology (HPO) terms, which might reveal key features
of the TK population variome and substructure that affect
the genetic architecture of disease in this TK cohort.
Material and Methods

Experimental model and participant details

We recruited 1416 unrelated TK individuals (669 females
and 747 males) in the Baylor Hopkins Center for Mendelian
Genomics (BHCMG) cohort (data freeze: December 2011-
October 2020) after all relevant subjects or legally autho-
rized representatives provided written informed consent for
the use of their DNA and personal genomes for the
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identification of potential disease-contributing variants and
for broad data sharing. Peripheral blood was collected from
affected individuals, parents, and unaffected relatives if
available. Genomic DNA was extracted from blood leuko-
cytes according to standard procedures. All genomic studies
were performed on DNA samples isolated from blood.

Materials availability

This study did not generate unique biological or chemical
reagents.

ES and annotation

ES was performed at the Human Genome Sequencing Center
(HGSC) at Baylor College of Medicine (BCM) through the
BHCMG initiative.With 1 μg of DNA, an Illumina paired-end
pre-capture library was constructed according to the manu-
facturer’s protocol (Illumina Multiplexing_SamplePrep_
Guide_1005361_D) with modifications described in the Bay-
lor College ofMedicine-HGSC IlluminaBarcoded Paired-End
Capture Library Preparation protocol. Pre-capture libraries
were captured into 4-plex library pools and hybridized in so-
lution to the HGSC-designed Core capture reagent (52 Mb,
NimbleGen) or 6-plex library pools with the custom VCRome
2.1 capture reagent (42 Mb, NimbleGen), according to the
manufacturer’s protocol (NimbleGen SeqCap EZ Exome Li-
brary SR User’s Guide) with minor revisions. The sequencing
was performed in paired-end mode with the Illumina HiSeq
2000 platformor IlluminaNovaSeq 6000 platforms.Datawere
aligned toGRCh37/hg19withBWA-aln (for data generated on
HiSeq 2000) or BWA-mem (for data generated on NovaSeq).
Sequence analysis was performed with the HGSC Mercury
analysis pipeline (https://www.hgsc.bcm.edu/software/
mercury),42,43 which moves data through various analysis
tools from the initial sequence generation to annotated variant
calls (SNVs and intra-read insertion/deletions; ie, indels).
Variants were called with ATLAS2 or xATLAS44 and the
Sequence Alignment/Map (SAMtools) suites and annotated
with an in-house-developed Cassandra45 annotation pipeline
that uses Annotation of Genetic Variants (ANNOVAR)46 and
additional tools and databases, including ExAC (http://exac.
broadinstitute.org), gnomAD (https://gnomad.broadinstitute.
org), the Greater Middle Eastern (GME) variome (https://
annovar.openbioinformatics.org/en/latest/user-guide/filter/),
and the Atherosclerosis Risk in Communities database (http://
drupal.cscc.unc.edu/aric/). In our comparative analysis to the
other data sets, GME and gnomAD, to ensure harmonization
across all the diverse capture designs of the data sets, we only
used the variants that were exonic or splicing.

Phenotypic characterization of the BHCMG cohort

We used the PhenoDB database to collect and store the
information of clinical features, pedigree structures, and
self-reported consanguinity levels. Computational analyses
of phenotyping data were performed by HPO terms analyses
described as a phenotypic similarity score with the R
package ontology Similarity.29,47,48

Obtaining a final set of unrelated individuals in the
TK cohort

To minimize overrepresentation of individuals from the
same family and to identify mutually unrelated individuals
in the TK cohort, we used the PC-AiR function in the R
GENESIS package, which measures pairwise kinship co-
efficients and ancestry divergence to identify an ancestry
representative subset of mutually unrelated individuals. We
removed the individuals with a close relationship from the
analysis by a threshold of kinship coefficient as 0.044 (third-
degree relationship or more) from both the TK affected and
unaffected cohorts. Removing individuals with a close
relationship from the analysis resulted in a final set of 1416
unrelated TK individuals: 773 unrelated affected and 643
unrelated unaffected participants.

Population substructure analysis

We investigated the population structure of this TK cohort
along with the African, East Asian, South Asian, and Eu-
ropean population samples from the 1000 Genomes Project
phase 3 release data, including 2504 individuals’ genotypes
in total (http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/2
0130502/). First, genotypes for 31 individuals who have a
biological relationship with the 2504 samples were removed
from the analysis. Although 2 capture designs were used
(HGSC-designed Core capture reagent [52 Mb, NimbleGen]
or 6-plex library pools with the custom VCRome 2.1 capture
reagent [42 Mb, NimbleGen]) throughout the BHCMG
CMG initiative, the variants overlapping with both of the
designs were used for all of the analyses performed
including the admixture analyses.

Variants falling out of the HGSC-designed Core capture
design and VCRome 2.1 capture design in the 1000 Ge-
nomes Project data were also filtered out from the analyses.
A pruned subset of the remaining polymorphic single-
nucleotide variants (SNVs) that are in approximate linkage
equilibrium of each other (N = 89,379 for the TK affected
participants and N = 86,049 for the TK unaffected partici-
pants) was used for the Uniform manifold approximation
and projection (UMAP). UMAP was performed with the
umap R package. For the admixture analysis, we ran the
unsupervised ADMIXTURE algorithm by k = 5 clusters
that outputted the minimal cross validation error.

Estimation of inbreeding coefficient values

The coefficient of inbreeding of an individual represents the
probability that 2 alleles at any randomly chosen locus in an
individual are identical by descent. The inbreeding coeffi-
cient values of the TK cohort were estimated from the ES
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http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/
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data with plink –het function filtering the variants with MAF
≥ 0.05.

Identifying and analyzing ROH segments from ES
data

We detected ROH regions from unphased ES data as
Absence of Heterozygosity genomic intervals with Baf-
Calculator (https://github.com/BCM-Lupskilab/BafCalcu
lator).32 To call ROH regions with BAFCalculator, we
extracted all the high-quality SNVs residing in the capture
region (mostly exonic regions) available from the variant
call format file of each single individual’s exome. For those
SNVs, we extracted a B-allele frequency (ie, variant reads/
total reads ratio); then, we transformed this ratio by sub-
tracting 0.5 and taking the absolute value for each data
point. Transformed B-allele frequency data were processed
with Circular Binary Segmentation implemented in the
DNAcopy R Bioconductor package49,50 to call the ROH
regions. This algorithm merges the consecutive exon calls;
therefore, in this way, we can detect ROH regions all over
the genome that are of size ranging from hundreds of Kb to
a few Mb, including a number of genes. To test the false-
positive and false-negative rate of exome data and our al-
gorithm, BafCalculator, we ran an independent analysis. We
ran the BafCalculator to call ROH regions from an inde-
pendent data set consisting of 929 samples with both
genome sequencing (unphased GS) and high-resolution
phased array data available in the Human Genome Di-
versity panel (https://www.internationalgenome.org/data-
portal/data-collection/hgdp). Then, we compared ROH
regions identified by the BafCalculator with the GS data
with the ROH regions detected through high-resolution
array in those 929 samples. The BafCalculator algorithm
was further optimized by the segmentation mean (seg.mean)
parameter (an absolute measure of average homozygosity
rate of a putative ROH call). Cross-referencing the ROH
regions identified by the fine-tuned BafCalculator to the
array data ROH calls showed a positive predictive value of
90% and true-positive rate of 72% when the seg.mean
parameter = 0.47 (Supplemental Figure 1). After this anal-
ysis, we also took the exome portions of the genome data in
those samples and ran the BafCalculator with only those
regions. Then, we compared FROH (the total size of ROHs
≥ 1.5 Mb) estimates identified from those regions
(FROH_ES) to the FROH estimates identified from the
genome sequencing data (FROH_GS). These analyses
revealed that, when the seg.mean = 0.47, this provides a
nearly perfect correlation (0.98) between FROH_ES and
FROH_GS, and that ES performs similarly to GS
(Supplemental Figure 2). In summary, segments with the
mean signal > 0.47 and number of marks ≥ 10 were clas-
sified as ROH regions.

The calculated ROH intervals from BafCalculator could
represent individual genomic/gene loci, resulting in ROH
for diploid alleles that can occur by (1) IBD, (2) uniparental
disomy (UPD),51 or (3) a large deletion copy number variant
(CNV). To exclude the ROH blocks that could be caused by
genomic overlapping of a common variant deletion CNV,
we first identified deletion CNVs through eXome-hidden
Markov model (XHMM).52 We further intersected ROH
segments and potential deletion CNVs with BEDTools53

and then retained only ROH regions overlapping less than
50% of their size with a variant deletion CNV. We grouped
ROH regions into 3 size categories, applying Gaussian-
mixture modeling from the MClust function in mclust R
package into 3 length classes: long-sized genomic intervals
or ROH blocks (>2.64 Mb), medium-sized ROH blocks
(0.671-2.64 Mb), and short ROH blocks (0.210-0.671 Mb).

To control for the variable rates across different
genomic regions and among different individuals, for
each individual i and ROH region category
r, r ∈ {total − ROH, non − ROH, long − sized ROH,
medium − sized ROH, short − sized ROH}, we computed a
variant density fi,r

fi,r =Nd
i,r

Ns
i,r

in which Nd
i,r is the count of rare homozygous deleterious or

likely damaging variant alleles (variants above a certain
CADD score (≥15) that are located within a region r, whereas
Ns
i,r is the count of synonymous variants in a region r.

Generation of an objective score for phenotypic
similarity comparison

We applied 2 R packages, OntologyIndex and ontologySi-
milarity, to measure the phenotypic similarity between 2 sets
of HPO terms; each set of terms was associated with a pa-
tient’s clinical features recorded in PhenoDB (https://
phenodb.org/).54 To assess the ability of a “candidate
disease-contributing gene” to explain a patient’s clinical
features, we applied a previously published method, in
which first a MICA (most informative common ancestor)
matrix was calculated for each pair of HPO terms, and then
a Resnik score was calculated for 2 sets of HPO
terms.29,47,48

First, we calculated the information content (IC) for HPO
term t by

IC(t) = –log (f (t))
in which f (t) is the frequency of term t observed in all of the
OMIM entries. The similarity of term i and term j is
calculated with a Resnik method:

Rij = IC (MICA(ti, tj))
in which the Resnik score, Rij, is determined by the IC of the

https://github.com/BCM-Lupskilab/BafCalculator
https://github.com/BCM-Lupskilab/BafCalculator
https://www.internationalgenome.org/data-portal/data-collection/hgdp
https://www.internationalgenome.org/data-portal/data-collection/hgdp
https://phenodb.org/
https://phenodb.org/
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most informative common ancestor (MICA) of term i and
term j. Next, we defined the phenotypic similarity score Sim
for 2 HPO sets l1 and l2 as follows:

l1 = {t11, t12,…, t1m}

l2 = {t21, t22,…, t2n}

Sim(l1, l2) = 1
2
(1
m

∑m
i=1

max
1≤ j≤ nRij,

1
n
∑n
j=1

max
1≤ i≤ nRij)

The main features of known human disease genes were
summarized in OMIM (https://www.omim.org/) in the
format of both plain texts and clinical synopses, and the
associated HPO terms for each OMIM entry were annotated
manually by the HPO-team (https://hpo.jax.org/app/data/
annotationsWe adapted this method to measure the pheno-
typic similarity between a patient’s phenotypes and a list of
disease genes. For each list of the tested disease genes, we
calculated a z-score performing 1000 simulations; in each
simulation, we computed a similarity score between the
patient’s clinical features and the associated HPO terms of a
randomly selected disease gene list, which has a same
number of genes as the tested disease gene list. Further, to
compare the contribution of disease gene lists across
different genomic regions with the explanation of a patient’s
clinical phenotypic features, we computed a ratio of the
similarity score calculated for a subset of disease genes, eg,
genes located in long-sized ROH regions to the similarity
score calculated for all the associated disease genes in a
patient’s genome.
Statistical analyses

We performed the statistical analyses with R version 3.3.3.
We compared pairwise differences in the average values of
estimated inbreeding coefficient values (F), homozygous rare
deleterious variant burden (density), and total, median length,
and count of ROHs in 2 participant groups, TK affected and
TK unaffected participants by the Wilcoxon rank-sum one-
tailed test. There were more than one 2-way comparisons in
Figures 3B, 4A, 4B, 5B, and 6 and Supplemental Figures 1, 4,
7, 8, and 11, and the overall expected false-positive rate of the
analysis was controlled by adopting a Bonferroni adjustment
dividing by 0.05/(the number of 2-way comparisons). Bar
plots, box plots, pie charts, and scatter plots were generated by
ggplot2 data visualization R package, and stat_pvalue_ma-
nual function in the ggpubr R package added P values and
significance levels to those plots. Ddply function in plyr
CRAN R package reported the summary statistics of esti-
mated F values, homozygous rare deleterious variant burden
(density), and total, median length, and count of ROHs in 2
participant groups, TK affected and TK unaffected
participants.
Results

The fine-scale population substructure of the TK
cohort

To study finer-scale population substructure of the TK in-
dividuals in comparison with the African, East Asian, Eu-
ropean, and South Asian population samples from the 1000
Genomes Project, we performed the UMAP dimension
reduction method. The first and second main UMAP com-
ponents separated the samples from African, East Asian,
European, South Asian, and TK populations. These studies
showed that the TK genomes were distinct from the African,
East Asian, and South Asian populations, but closely clus-
tered with the variome of European samples and consist of 2
main subpopulations, cluster 1 (N = 235) and cluster 2 (N =
1181) individuals, (Figure 1A and B).

To evaluate the population substructure of the TK in-
dividuals, we ran the unsupervised ADMIXTURE algorithm
by k = 5 clusters to minimize cross validation error. The
admixture analysis results revealed that, compared with the
first cluster (N = 235), the second cluster (N = 1181)
demonstrated a higher fraction of East Asian, European,
South Asian (Wilcoxon test one-tailed P values = 1.39e-4,
3.47e-47, and 4.61e-36), and a lower fraction of other
(Wilcoxon test one-tailed P values = 4.61e-36) ancestry but
do not differ significantly from each other in the African
ancestry component (P values = .172; Supplemental
Figure 3). To note, there are a few TK affected and unaf-
fected participants closely clustered with the African and East
Asian population samples from the 1000 Genomes project.
This likely reflects the increased number of people from all
over the world that have recently migrated to Turkey during
the last decade.

Comparison of the TK cohort variome with control
for variant database bias

We next questioned how the population substructure was
represented in the TK variome by examination of the char-
acteristics of the distinct 3,101,517 variants present in TK
individuals. We found that 675,693 and 1,893,512 variants
are present in the TK unaffected cluster 1 or 2 individuals, and
1,202,217 and 1,961,838 are present uniquely in the TK
affected cluster 1 or 2 individuals, respectively (Figure 2A).
We then surveyed all the exonic variants of the TK variome in
control variant databases, including the genome aggregation
database (gnomAD, https://gnomad.broadinstitute.org)55

version 4 (v4) data set and the GME variome.56 Regarding
the variome in the TK unaffected participants (N = 643), the

https://www.omim.org/
https://hpo.jax.org/app/data/annotations
https://hpo.jax.org/app/data/annotations
https://gnomad.broadinstitute.org/
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Figure 1 Fine-scale population substructure of TK cohort. Scatter plots display uniform manifold approximation and projection
(UMAP) analysis that compares the population structure among the (A) TK affected participants (N = 773, colored in purple and dark pink)
and (B) TK unaffected participants (N = 643, colored in dark green and dark orange) of the BHCMG cohort to the African (AFR) (N = 661,
colored in gray), East Asian (EAS) (N = 504, dark blue), European (EUR) (N = 503, brown), and South Asian (SAS) (N = 489, yellow)
population samples from the 1000 Genomes project. (C) The bar plot demonstrates the results of the admixture analysis performed through
the unsupervised ADMIXTURE algorithm (k = 5 clusters) quantifying the fraction of ancestry proportions contributed by the African (gray),
East Asian (dark blue), European (brown), South Asian (yellow), and Other (light brown) for the TK cluster 1 and cluster 2 individuals. To
note, there are a few TK affected and unaffected participants closely clustered with the African and East Asian population samples from the
1000 Genomes project. This likely reflects the increased number of people from all over the world that have recently migrated to Turkey
during the last decade.
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overall comparison of all distinct SNVs identified showed that
55% and 54% of the unique variants in cluster 1 and cluster 2
individuals, respectively, were present in the gnomAD v4
variome. Intriguingly, only 10% and 5% of the cluster 1 and 2
variants, respectively, in the TK unaffected participants were
present in the GME variome, underscoring the necessity of
population-matched control databases to assess accurately
variant minor allele frequency (Figure 2D and E,
Supplemental Figure 4C and D).

We also performed similar analyses for the variome of
TK affected participants (N = 773). These studies demon-
strated that 49% and 53% of cluster 1 and cluster 2 variants,
respectively, were represented in the gnomAD v4 database.
Of note, only either 7% or 5% of the cluster 1 and cluster 2
variants were represented in the GME variome (Figure 2A
and B, Supplemental Figure 4A and B). Aggregate TK
exome variant data from clusters 1 and 2 are available
publicly for analysis through a TK variome database
(https://turkishvariomedb.shinyapps.io/tvdb/).

Observation of higher estimated inbreeding
coefficient values in the TK participants

To obtain a more objective experimental measure of the
consanguinity level, we estimated the inbreeding coefficient
(F) values from ES data of the TK affected (N = 773) and
unaffected participants (N = 643) compared with the Afri-
can (N = 661), East Asian (N = 504), European (N = 503),
and South Asian (N = 489) population samples from the
1000 Genomes Project. These analyses revealed that the
estimated F values in the TK unaffected participants were
significantly higher with mean values of 0.017 and 0.029 in

https://turkishvariomedb.shinyapps.io/tvdb/


Figure 2 Comparison of the TK cohort variome with control databases. A. The Upset plot depicts the number of variants present in the
TK affected cluster 1 (TKaff-cl1), affected cluster 2 (TKaff-cl2), unaffected cluster 1 (TKunaff-cl1), and unaffected cluster 2 (TKunaff-cl2)
participants (N = 3,101,517 variants in total). B-E. The pie charts represent all distinct variants in the TK cohorts and whether they are present
(“yes”) or absent (“no”) in gnomAD v4 data set (upper panel) and the Greater Middle Eastern Variome (lower panel) by affected status and
cluster: (B) unaffected cluster 1, (C) unaffected cluster 2, (D) affected cluster 1, and (E) affected cluster 2.
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cluster 1 and cluster 2 individuals, respectively, when
compared with African (0.004), East Asian (−0.001), Eu-
ropean (−0.0006), and South Asian (0.012) persons
(Figure 3A). We showed further that the estimated F values
of TK affected cluster 1 and cluster 2 individuals (mean =
0.055 vs 0.052) were increased significantly compared with
the TK unaffected cluster 1 and cluster 2 individuals,
respectively (Wilcoxon test one-tailed P values 2.3e-6 and
2.2e-16, Figure 3A and B). On the other hand, we did not
observe any significant cluster-specific differences in the
estimated F values of either TK affected (Wilcoxon test one-
tailed P value .34) or TK unaffected individuals (Wilcoxon
test one-tailed P value .11, Figure 3B). Therefore, we
merged these 2 clusters for further analyses. Our analysis
also showed that the measured genomic inbreeding
coefficients—the fraction of the genome covered by ROHs
> 1.5 Mb (FROH)—are 0.048 and 0.030 on average in the
TK affected and unaffected participants, respectively, and
these are nearly 1-1 proportional to the average estimated
F values of the TK affected (0.053) and unaffected partici-
pants (0.028). These findings support the contention that the
excess of homozygosity in the TK genomes was shaped
mostly by ROHs (Figure 3C).
Enrichment of long-sized ROH genomic regions in
TK cohort individuals

Then we hypothesized that higher F values measured in
the TK cohort correlate with an increased length and
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Figure 3 Higher estimated inbreeding coefficient F values in the TK individuals. A. The box plots report the estimated inbreeding
coefficient levels (F) calculated from ES data. Both of the TK affected cluster 1 (purple), affected cluster 2 (dark pink), unaffected cluster 1
(dark green), and unaffected cluster 2 (dark orange) individuals showed higher F values on average compared with the African (AFR) (gray),
East Asian (EAS) (dark blue), European (EUR) (brown), and South Asian (SAS) (yellow) subpopulations from the 1000 Genomes project.
B. The box plots show the estimated F values of TK affected cluster 1 (TKaff-cluster1) and cluster 2 (TKaff-cluster2) individuals (mean =
0.055 vs 0.052) were significantly higher compared with the TK unaffected cluster 1 (TKunaff-cluster1) and cluster 2 (TKunaff-cluster2)
individuals, respectively (Wilcoxon test one-tailed P values 2.3e-6 and 2.2e-16). There was no significant difference noted between F values
of the TK affected cluster 1 and cluster 2 individuals (P value = 0.34) and the TK unaffected cluster 1 and cluster 2 (P = .11). P values
indicated above each pair of groups compared (***P < .001). Outliers are not shown in the box plots. C. The scatter plot compares the
average fraction of individual genome covered by long-sized (>2.64 Mb) ROHs (FROH) with the average estimated F values (FIS) for the
African (AFR), East Asian (EAS), European (EUR), South Asian (SAS), and TK affected (TK-aff) and TK unaffected (TK-unaff) samples.
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number of long-sized ROH regions that arose on recently
configured “young” haplotypes because of recent parental
relatedness. To test this, we identified first ROH regions
from ES data using an informatics tool, BafCalculator
(https://github.com/BCM-Lupskilab/BafCalculator)32 that
calculates genomic intervals with absence of heterozy-
gosity from unphased ES data as a surrogate measure of
ROH. To obtain copy-number-neutral ROH regions from
the calculated ROH intervals, we excluded a subset of the
apparent homozygous regions caused by common variant
CNV deletions. Applying Gaussian-mixture modeling with
the mclust R package, we classified the genomic intervals
for ROH regions detected through BafCalculator into 3
length classes: short-sized (0.210-0.671 Mb), medium-
sized (0.671-2.64 Mb), and long-sized ROHs (>2.64
Mb). To show that those ROH regions in these 3 different
and discrete categories are not overlapping and are formed
by different factors (eg, recent inbreeding and local
recombination rate), we examined the distribution of those
ROH regions of long-, medium-, and short-sized ROH
regions and observed that they were located in different
parts of the genome, ie, they map to different genetic locus
intervals, and those regions were distributed non-
uniformly across the genome as clearly visualized in the
circos plot (Supplemental Figure 5). The non-uniform
distribution of ROHs may be formed across the genome
because of several physical properties of the human
genome: they may involve some genes that are targets of

https://github.com/BCM-Lupskilab/BafCalculator
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positive selection in a population,57 or they may include
small structural variant (SV) inversions that suppress
recombination.58,59

We also examined the effect of local recombination rate
on the formation of those ROHs of 3 different and discrete
ROH size classes. In alignment with the finding that ROHs
of long-sized, medium-sized, and short-sized ROHs
distributed in different parts of the genome (Supplemental
Figure 5), we found that long-sized ROHs are more likely
to contain human genome recombination cold spot regions60

compared with the medium-sized (Wilcoxon test one-tailed
P value = 1.54e-13) and short-sized ROHs (Wilcoxon test
one-tailed P value = 2.08e-29). Overall, our computational
analyses showed that we uncovered 3 different and discrete
ROH size classes that do not overlap with each other
(distributed in different parts of the genome) and are specific
and meaningful for the TK cohort. In addition, our data
support the notion that “genome geography of recombina-
tion rates” (ie, positions of “coldspots” vs “hotspots” for
recombination] may influence genetic architecture in spe-
cific populations.

To investigate the effect of inbreeding level on the genetic
architecture of disease traits and to uncover which genomic
regions are more contributory to disease phenotypes in the
TK population, we compared the ROH length distribution
between the TK affected and unaffected participants. As
expected, the TK affected participants (with an average of
estimated F values = 0.053) have a higher level of estimated
F values compared with TK unaffected participants (with an
average of estimated F values = 0.028), given that consan-
guinity is well established to be a risk factor for rare disor-
ders. This increase in the estimated F levels in TK affected vs
unaffected participants was reflected in an increase in the
long-sized ROH total size (median = 111.71 Mb vs 34.41
Mb, Wilcoxon test one-tailed P value = 2.09e-18) and
number (median = 13 vs 6, Wilcoxon test one-tailed P
value = 6.14e-16) but not medium-sized and short-sized
ROHs (Figure 4A, Supplemental Figure 6).

In parallel, we performed a correlation analysis to
explore the hypothesis that higher estimated F values
observed in the TK cohort manifested an increased genome-
wide burden of long-sized (>2.64 Mb) ROHs. Our analysis
revealed that as the estimated inbreeding levels increase in
the TK affected participants, the genome-wide burden of
long-sized ROHs increase (ρ = 0.83, Supplemental
Figure 7A) but not the genome-wide burden of medium-
sized ROHs (ρ = 0.29, Supplemental Figure 7B) or short-
sized ROH segments (ρ = −0.25, Supplemental
Figure 7C). This analysis supports the notion that recent
inbreeding is most likely to contribute to the formation of
long-sized ROHs but not to the other defined categories (ie,
medium and short). Taken together, both analyses showed
that, as the estimated inbreeding levels increase within the
TK cohort (TK affected vs TK unaffected participants and
within the TK affected participants), the genome-wide
burden of long-sized ROH regions also increases.
We next examined specifically the characteristics of other
ROH size categories. The total length of short-sized ROH re-
gions, which result from short homozygous blocks on ancient
haplotypes, showed a moderate negative correlation with the
estimated F values (Supplemental Figure 7C). Concordantwith
the lower estimated F values in the TK unaffected participants,
the short-sizedROH regions in the unaffected participantswere
greater in total size (median = 31 vs 28.62 Mb, Wilcoxon test
one-tailed P value= 2.41e-7) and higher in number (median=
126 vs 122, Wilcoxon test one-tailed P value = 7.65e-8) than
those of affected participants (Supplemental Figure 6B). In
contrast, medium-sized ROH regions that arise mostly because
of background relatedness27,57 were present in a slightly higher
number in the TK unaffected compared with those of affected
participants (median = 34 vs 32, Wilcoxon test one-tailed P
value = .04) but did not differ significantly in total length
(median = 39.11 vs 39.77 Mb, Wilcoxon test one-tailed P
value = .199) between the TK affected and unaffected partic-
ipants (Supplemental Figure 6A).

Taken together, these ROH analyses support the notion
that long-, medium-, and short-sized ROH regions result
from individual or personal genome population history and
dynamics, such as consanguinity level or background
relatedness,27,57 in nuclear families and clans. Of note, the
TK affected participants show a significantly increased
overall burden of ROH segments per genome compared
with unaffected participants, stemming from an increased
genome-wide burden of long-sized ROHs.
Enrichment of predicted deleterious variants in
long-sized ROH regions

Then, we tested the hypothesis that long-sized ROH regions
that arose because of recent parental relatedness would be
enriched for rare homozygous deleterious variants because
insufficient generational time would not yet have allowed
for selective elimination of such detrimental alleles from a
population.61-63 We first identified rare homozygous dele-
terious variants (MAF ≤ 0.05) predicted to be potentially
deleterious, by selecting variants above a CADD PHRED-
scaled score of ≥15 and with a prediction tool algorithm,
NMDescPredictor, to predict potential loss-of-function
variants.64 To account for variable variant rates across
different samples and genomic regions, we computed a
variant density metric by normalizing the count of rare ho-
mozygous deleterious variants to the count of rare homo-
zygous synonymous variants. Because ROH regions are
likely to enable deleterious variation to exist in a homozy-
gous form, we then investigated the contribution of ROH
regions to deleterious variant density in the TK cohort, by
grouping rare homozygous deleterious variants into 4
groups based on their genomic location. As expected, in
both the TK affected and unaffected participants, we
observed an increased level of variant burden in ROH re-
gions that was most striking in long-sized ROH regions,



Figure 4 Long-sized ROH regions with increased density of rare deleterious variants are enriched in TK affected participants.
A. The features of long-sized ROHs were displayed irrespective of their total size (Mb) (top panel), the number of ROH blocks (middle panel)
and the median length of ROH blocks (Mb) (bottom panel). In each panel, horizontal box plots compare the 2 individual groups as the TK
affected (TK-aff) and unaffected (TK-unaff) individuals. A one-sided Wilcoxon rank-sum test was used to test the difference in the TK-aff vs
TK-unaff individuals and is indicated to the right of each panel. B. We calculated a variant density metric by normalizing the count of rare
homozygous deleterious variants to the count of rare homozygous synonymous variants. The density of rare homozygous deleterious variants
manifested in long-sized, medium-sized, short-sized ROH regions, and not ROH (non-ROH) regions in the TK affected (TK-aff) and TK
unaffected (TK-unaff) participant subgroups. We then compared the rare homozygous deleterious variant density between the TK-aff and
TK-unaff subgroups in each ROH size group and non-ROHs. P value significance levels were marked on the top of each pair of groups
compared (***P < .001, ****P < .0001). Outliers were not shown in the box plots.
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which are more likely to be shaped by young haplotype
blocks including deleterious variation. This was followed by
medium-sized ROH, short-sized ROH, and non-ROH re-
gions (Figure 4B).

By comparison, we observed a significantly increased
level of rare homozygous deleterious variant density in the
TK affected compared with unaffected participants that was
most strikingly outlined in long-sized (Wilcoxon test
one-tailed P value = 3.35e-11) and to a lesser extent in
medium-sized ROHs (Wilcoxon test one-tailed P value =
1.9e-9) and non-ROHs (Wilcoxon test one-tailed P value =
4.36e-2, Figure 4B). Short-sized ROHs do not seem to
contribute to the overall rare homozygous deleterious
variant density difference observed in ROH regions between
the TK affected and unaffected participants (Wilcoxon test
one-tailed P value = 1.75e-1, Figure 4B).

In summary, this genome analysis documented that long-
sized ROHs were most enriched for rare homozygous
deleterious variations compared with medium-sized, short-
sized, and non-ROHs, irrespective of affection status in the
TK cohort, indicating a contribution of recent parental
relatedness to variant burden in the TK population
(Figure 4B). This further demonstrated that the overall
burden of rare homozygous deleterious variation was
significantly increased in TK affected compared with unaf-
fected participants and most prominent in long-sized ROHs,
conceptually reflecting copy-number-neutral SV haplotypes
derived by new variants and presenting with low rates of
recombination in recent ancestors of the clan.
Phenotypic and population structure
characterization of a mixed-disease cohort

The TK participants were recruited into the BHCMG because
of suspected Mendelian disorders and presented with a wide
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variety of clinical phenotypes. To define the range and spec-
trum of clinical phenotypes and the genetic traits observed in
these individuals, we generated a phenotypic similarity score
with the R package ontology. Similarity29,47,48 and the Resnik
approach to information content65 to evaluate semantic sim-
ilarity in a taxonomy between each pair of individuals using
the HPO terms66,67 recorded in PhenoDB. We performed an
unsupervised clustering of those participants based on this
phenotypic similarity score, revealing 5 major “disease
phenotype groups” in the TK affected individuals. Clusters 1,
3, and 4 consist mainly of individuals with diverse phenotypic
features, which do not fit into a “singular general disease
category or group,” ie, higher order HPO term or generaliz-
able disease state or clinical diagnosis. Clusters 2 and 5 are
formed of individuals who could be grouped by defined
clinical entities largely reflective of complex disease traits,
including the hypergonadotropic hypogonadism cohort68 and
the neurological disorders cohort,4 respectively (Figure 5A).
Figure 5 Contribution of variants in ROH to disease trait
phenotype. A. A heatmap depicting the unsupervised hierarchical
clustering of the TK affected patients into 5 general phenotypic
categories or groups by calculating a pairwise phenotypic simi-
larity score (clusters 1 [colored in red], 2 [colored in yellow], 3
[colored in green], 4 [colored in blue], and 5 [colored in purple]).
B. The comparison between the long-sized ROH group with
medium-sized, short-sized ROHs, and non-ROHs with regard to
the performance of their variants in contribution to the disease trait
phenotype presented in the TK patients. The y-axis describes the
ratios of z-scores calculated for variants located in a specific ROH
size group, eg, long-sized ROH group, vs z-scores calculated for all
variants of interest. Z-scores were calculated for each tested disease
gene list performing 1000 simulations. In each simulation, a
permuted disease gene list was selected that has a same number of
genes as the tested disease gene list. Then, a similarity score was
computed between the patient’s clinical features and the associated
HPO terms of that permuted disease gene list.
Genotype-phenotype analyses revealing
ROH-associated genetic architecture of diseases

We then tested the extent to which variant burden caused by
rare homozygous deleterious variants in long-sized ROH
regions explains clinical phenotypic features of the in-
dividuals in the TK cohort. To this end, we performed an
unbiased genotype-phenotype correlation analysis based on
the HPO terms.69,70 In this analysis, we linked the disease
genes present with rare coding homozygous and deleterious
variation in an individual genome to their related HPO terms
for the trait, as defined in the OMIM (https://www.omim.
org) clinical synopsis, according to HPO annotation
resource databases. Then, for the clinical phenotypic fea-
tures of each patient recorded in PhenoDB,54 we compared
the associated HPO term sets to the merged HPO term sets
for the disease genes defined for each ROH category, using
a semantic similarity score metric that controls for the
number of genes and ROH block size from a permutation
approach.29,47,48 These analyses showed that, in TK affected
individuals, genes with rare homozygous deleterious vari-
ants in long-sized ROH regions are most informative for
clinical phenotypic features objectively assessed and
compared, from the information submitted to and collated
within PhenoDB54 compared with medium-sized ROHs
(P value = 1.7e-1), short-sized ROHs (P value = 1.2e-3)
and non-ROHs (P value = 5e-2) (Figure 5B).

These analyses also revealed that the top-ranking genes
with rare coding homozygous deleterious variant alleles were
located in the long-sized ROH regions in 152 patients
(phenotypic similarity score≥ 1). Importantly, 75 out of those
152 patients were found to carry rare coding homozygous and
deleterious variation located in ≥2 OMIM disease genes that
contribute significantly to the patients’ phenotypes on the basis
of phenotypic similarity score (score ≥ 1). In line with these
findings, we indicate a subset of theTK affected participants in
the cohort present with neurodevelopmental disorders (N =
234) that were analyzed by expert clinicians. In 176 of those
234 studied participants (75.2%), a plausible and genetically
parsimonious molecular etiology due to rare coding variation
was identified. Importantly, out of those 176 participants, 51
families (51/176 = 28.9%) were identified with multi-locus
pathogenic variation, mostly driven by ROHs.7 The retro-
spective analysis of those 176 participants revealed that cases
with diagnoses involving ≥2 disease gene loci (N = 51) were
found to have significantly higher F values (Wilcoxon test one-
tailed P value = 9.35e-5, Figure 6A) and significantly

https://www.omim.org/
https://www.omim.org/
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Figure 6 An elevated variant burden in long-sized ROHs can produce blended phenotypes. A retrospective analysis of previously
published cases (N = 217) compared the cases with diagnoses involving ≥2 disease gene loci (N = 40) compared with cases with diagnoses
involving 1 disease gene locus in terms of (A) estimated F values, (B) total span of long-sized ROHs, (C) deleterious variant density
manifested in long-sized ROHs, and (D) total span of medium-sized ROHs. P values indicated above each pair of groups compared (***P <
.001, ****P < .0001).
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increased total span of long-sized ROHs (Wilcoxon test
one-tailed P value= 1.06e-4, Figure 6B) compared with cases
with diagnoses involving 1 disease gene locus. On the other
hand, we found that there were no significant differences be-
tween these 2 groups of patients in terms of rare homozygous
deleterious variant density in long-sized ROHs and total span
of medium-sized ROHs (Wilcoxon test one-tailed P value =
.223, Figure 6C and D). In summary, our results provide
compelling evidence that an increased level of consanguinity
observed in the TK affected compared with unaffected
participants is correlatedwith a greater total span of long-sized
ROH blocks and significantly increased level of rare homo-
zygous deleterious variant density and thereby an elevated
variant burden that likely contributes to the disease trait(s)
phenotype observed in the individuals studied.
Discussion

Our results provide compelling evidence that an increased
level of consanguinity observed in the TK affected
compared with unaffected participants is correlated with a
greater total span of long-sized ROH blocks and signifi-
cantly increased level of rare homozygous deleterious
variant density and thereby an elevated variant burden that
likely contributes to rare disease trait(s). Comprehensive
catalogs of common and rare human genetic variation
stored in population variant databases, such as ExAC,71

gnomAD55 (https://gnomad.broadinstitute.org), and
ARIC,64,72 have proven to be powerful resources and
interpretive tools to identify rare, ultra-rare, and potentially
pathogenic variations that influence gene action and
expression of Mendelian disease traits. However, many
world populations remain for which genetic variation is
underrepresented or entirely absent in such databases,
including populations with more prevalent consanguinity
and/or a considerable amount of admixture, such as the TK
population.41

Beyond the elucidation of the biological basis and mo-
lecular pathogenesis of disease, the mapping of a locus at
which variation might contribute to disease analysis and
characterization of molecular features in personal genomes
can potentially provide some insights into the genetic ar-
chitecture contributing to disease traits in a population and
evolution of personal genomes. From our TK population
cohort, we show that investigation of the molecular features
of ROH regions culled from personal unphased ES data
through BafCalculator (https://github.com/BCM-Lupskilab/
BafCalculator)32 and classified through Gaussian-mixture
machine learning modeling into 3-length ROH classes
specific to the TK population can provide insights into the
haplotype derivation and genetic architecture of disease.

https://gnomad.broadinstitute.org/
https://github.com/BCM-Lupskilab/BafCalculator
https://github.com/BCM-Lupskilab/BafCalculator
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Long-sized ROH (>2.64 Mb) regions that arose on recently
configured haplotype blocks were greater in size (both total
and median length) and number in the genomes of the TK
affected compared with TK unaffected participants
(median = 111.71 Mb vs 34.41 Mb, Wilcoxon test one-
tailed P value = 2.09e-18 and median = 13 vs 6, Wil-
coxon test one-tailed P value = 6.14e-16) without any
significant cluster-specific differences (Figure 4A,
Supplemental Figures 8 and 9). This finding is concordant
with higher estimated F values (0.053 vs 0.028, Wilcoxon
test one-tailed P value = 2.35e-18) and high level of con-
sanguinity due to recent shared ancestors in the TK popu-
lation.56 Characterization of ROH genomic intervals also
revealed that long-sized ROH regions on newly derived
haplotypes are enriched particularly with rare homozygous
deleterious variants specifically in the TK affected compared
with TK unaffected participants (Wilcoxon test one-tailed
P value = 3.35e-11). These findings support the notion
that the inbreeding level results in an increase in the
genome-wide burden of long-sized ROH along with an in-
crease in their rare homozygous deleterious variation den-
sity (Figure 4A and B, Supplemental Figure 10).

To test the contribution of those ROH-derived rare variant
combinations to Mendelian rare disease traits, we performed
a large-scale analysis of genotype-phenotype correlations in
the TK cohort from their clinical features captured as struc-
tured HPO terms66,67 (https://hpo.jax.org/app/data/
annotations) recorded in PhenoDB.54 A systematic, integra-
tive, and quantitative analysis revealed that the combinatorial
phenotypic effect of ultra-rare variants embedded within
long-size ROH regions strongly explain the observed rare
disease trait(s) in the TK cohort. Corroborating these find-
ings, a retrospective analysis of previously published cases
(N = 176)3,4,7,73 demonstrated that the cases with multi-locus
pathogenic variation; N = 51) (diagnoses involving ≥2 dis-
ease gene loci) are more likely to have an increased genome-
wide burden of long-sized ROH regions (Wilcoxon test
one-tailed P value = 1.06e-4, Figure 6B), corresponding to
higher estimated F values (Wilcoxon test one-tailed
P value = 9.35e-5, Figure 6A) compared with cases with
diagnoses involving 1 disease gene locus. That these variants
were ultra-rare within the TK population itself suggests that
they may represent new variant events within individual
families or the clan, the most basic unit of a population.
Population substructure ultimately driving formation of these
newly configured—and unique—disease haplotypes can be
rapidly brought to homozygosity through IBD: each shaped
by recombination, characterized by new variant, and even
more rare than their constituent alleles.74

This phenomenon of new variants as ultra-rare variants on
a newly derived haplotype may provide important insights
into the molecular etiology of disease traits and further
amplify several prior observations including (1) the role of
multilocus variation underlying some cases of apparent
phenotypic expansion,3,29,32,47 (2) homozygosity of ultra-rare
pathogenic variation in PRUNE (HGNC:13420) in
sect-driven population isolates4,75,76 in stark contrast with the
contribution of rare (but not ultra-rare) CLP1 (HGNC:16999)
founder alleles to microcephaly and neurodevelopmental
disease,77,78 (3) the seemingly now-common identification of
genes for which biallelic variation can lead to disease traits
previously categorized as strictly “dominant Mendelian loci”-
traits,7,79-81 and (4) the emergence of a founder allele arisen by
identity by state in Steel syndrome of the geographically
isolated population of the Commonwealth of Puerto Rico vs
clan genomics derived COL27A1 (HGNC:22986) pathogenic
variation in the TK population.37

Our findings also highlight the advantage of merging per-
locus variation with genomics (inherited vs de novo variants)
for gleaning insights into the genetic architecture contributing
to disease in a population. Multiple genetic changes could be
brought together per locus to generate unique haplotype
blocks.One example of this phenomenon is the observation of
UPDmanifest by a long tract of homozygosity on the entirety
of chromosome 7, explaining both the short stature phenotype
in addition to the expected clinical features of cystic fibrosis
(CF, OMIM #219700) in a child.51 Viewed from such a
perspective, disease phenotypes resulting from UPD and
epigenetic/imprinting diseases may benefit from haplotype
phased genomes and long read technologies that differentiate
methylated W-C bases.82,83 Another example of per-locus
genetic studies is the modulation of disease risk through
gene expression and dosage effects of regulatory common
variant (expression quantitative trait loci, eQTLs) haplotype
configurations of coding pathogenic variants and
CNVs.5,84-88 The high variant rate of recurrent genomic de-
letions (eg, driven by a special type of variant mechanism,
nonallelic homologous recombination [NAHR]) may make
these loci a significant contributor to autosomal recessive
disease trait loci in populations because of a compound het-
erozygous CNV + SNV allelic combination.89 To apply a
“merging” of genetics (per locus variation) and genomics
(inherited “variome” and de novo variants) thinking to the
clinic, our data emphasize identifying and systematically
analyzing the ROH genomic intervals culled from the pa-
tient’s personal unphased ES data with BafCalculator (https://
github.com/BCM-Lupskilab/BafCalculator).32 If the degree
of parental relatedness as judged by the ROH size culled from
unphased ES data suggests that the patient may come from a
clan with a high estimated coefficient of consanguinity, rare
homozygous variants mapping within the ROH regions and
their combinatorial effect could be prioritized in molecular
analyses.3,29,32,47 Culling ROH regions from unphased clin-
ical ES data with BafCalculator (https://github.com/ BCM-
Lupskilab/BafCalculator)32 may also enhance the discovery
of pathogenic homozygous or hemizygous exonic CNV de-
letions arising on newly derived SV haplotypes in a clan
homozygosed by IBD.90-93

In summary, the findings in this study support the Clan
Genomics hypothesis,94-96 which suggests that newly
configured haplotypes resulting from recent variants play a
role in Mendelian diseases. The rapid generation of disease
haplotypes driven by population substructure and shaped by
recombination contributes to the occurrence of these rare

https://hpo.jax.org/app/data/annotations
https://hpo.jax.org/app/data/annotations
https://github.com/BCM-Lupskilab/BafCalculator
https://github.com/BCM-Lupskilab/BafCalculator
https://github.com/%20BCM-Lupskilab/BafCalculator
https://github.com/%20BCM-Lupskilab/BafCalculator
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disease-causing haplotypes. That these haplotypes are even
more rare than their constituent alleles reinforces the impor-
tance of newly arisen variants in rare recessive disease traits.
Data Availability

All variants reported herein have been aggregated within a
TK variome database that is publicly available as a research
and molecular diagnostic community resource (https://
turkishvariomedb.shinyapps.io/tvdb/). The code generated
during this study is available at (https://github.com/BCM-
Lupskilab/BafCalculator). Exome variant data have been
deposited to dbGaP (study accession phs000711.v5.p1) and/
or AnVIL for all cases for which written, informed consent
for sharing of data through controlled-access databases has
been obtained, in keeping with our IRB and BCM protocol
H-29697. Requests for further information on raw data,
genomic and phenotypic analyses, and DNA samples may
be directed to, and will be fulfilled by the lead contact James
R. Lupski (jlupski@bcm.edu).
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